ABSTRACT As the population in cities continues to increase rapidly, air pollution becomes a serious issue from public health to social economy. Among all pollutants, fine particulate matters (PM2.5) directly related to various serious health concerns, e.g., lung cancer, premature death, asthma, and cardiovascular and respiratory diseases. To enhance the quality of urban living, sensors are deployed to create smart cities. In this paper, we present a participatory urban sensing framework for PM2.5 monitoring with more than 2500 devices deployed in Taiwan and 29 other countries. It is one of the largest deployment project for PM2.5 monitor in the world as we know until May 2017. The key feature of the framework is its open system architecture, which is based on the principles of open hardware, open source software, and open data. To facilitate the deployment of the framework, we investigate the accuracy issue of low-cost particle sensors with a comprehensive set of comparison evaluations to identify the most reliable sensor. By working closely with government authorities, industry partners, and maker communities, we can construct an effective eco-system for participatory urban sensing of PM2.5 particles. Based on our deployment achievements to date, we provide a number of data services to improve environmental awareness, trigger on-demand responses, and assist future government policymaking. The proposed framework is highly scalable and sustainable with the potential to facilitate the Internet of Things, smart cities, and citizen science in the future.
diseases, lung cancer, and premature death [24] , [36] . Thus, it is important to monitor outdoor air quality, especially the level of PM2.5 concentrations.
In conventional PM2.5 monitoring approaches, a number of professional air quality monitoring stations are deployed at strategic locations across a country or region. Such stations are extremely large and expensive; and they are usually operated by national, state, or local environmental protection agencies (EPAs, or their equivalent). Because of the high deployment cost, it is impossible to have a dense deployment of such stations. As a result, a sophisticated air pollution dispersion model has to be developed to estimate PM2.5 concentrations in the areas between different stations [20] . Generally, there are two drawbacks to this approach: 1) most locations require model-based approaches to estimate their PM2.5 concentrations, but the accuracy of such estimates is affected by wind conditions, terrain, and the distance to the closest station; and 2) as EPA stations are deployed at least ten meters above the ground in order to measure the mixture of atmospheric pollution, they cannot represent air quality in our living space at ground level [18] , [19] . Although a dense deployment of low-cost stations for micro-scale air quality monitoring is challenging, it is highly desirable.
With advances in sensing and computing technology, several recent works have demonstrated applications of lowcost sensors for micro-scale air quality sensing [5] , [7] , [8] , [10] , [12] , [14] , [34] , [37] . Moreover, several smart cities around the world have deployed large-scale, lowcost sensor systems for real-time air quality monitoring (e.g., Amsterdam [6] , Chicago [1] , Darmstadt [11] , and Taipei [29] ). Although these applications may differ from each other in terms of the targeted phenomenon (e.g., dust or different types of gases), mobility support (e.g., mobile or stationary), and deployment model (e.g., top-down or grassroots), the following common issues need to be investigated further:
1) Sensor Accuracy: Most existing applications were implemented without prior thorough verification and calibration of the accuracy of the sensors. Hence, their measurement results are questionable and may not reflect the real air quality of the monitored area. 2) System Scale: The majority of grassroots applications are still in the prototype stage and only have very small geographical coverage and participation. Although some top-down deployments have [1] , [6] , [11] , it is difficult to expand them to other regions outside their initial deployment area. 3) Open System: Some applications are based on proprietary hardware that is not a commercial off-theshelf product. Thus, it is difficult for third parties to duplicate the deployment in other regions. Although some applications do use off-the-shelf hardware and open their source codes, their systems are not open platforms. In other words, they are either conservative in sharing the collected data, or they are unwilling to accept contributions from 3rd party devices.
4) Cyber-physical Interaction:
Most current applications are only designed to increase people's awareness of the air quality in their immediate environment. A successful cyber-physical system that can provide the measurement results for on-demand responses and long-term government policymaking has yet to be developed.
In this paper, we propose a participatory urban sensing framework for PM2.5 particle monitoring. To develop it, we conducted a comprehensive set of evaluations to compare the accuracy of commercial off-the-shelf (COTS) low-cost particle sensors with two professional devices. Based on the evaluation results, we identified a feasible sensor (namely, PMS3003) for PM2.5 sensing applications. Then, in collaboration with maker communities, industry partners, and the Taipei City Government, we developed various types of PM2.5 monitoring devices for different communities. By May 2017, we had deployed more than 2,500 devices in Taiwan and 29 other countries.
In addition, we have been working on the provision of a data service, data visualization, and data analysis. All the measurement data are released in real time with the open data approach. We have also developed a number of data visualization tools to allow more advanced analysis of PM2.5 monitoring data. Finally, we conducted spatio-temporal data analysis to identify potential PM2.5 emission sources. The results can be extended to facilitate on-demand responses and government policymaking in the future.
The contribution of this paper is three-fold:
1) We constructed a successful eco-system in collaboration with academic institutions, industry partners, government authorities, and citizen groups; and developed a participatory urban sensing system. 2) The proposed framework is based on an open architecture, open hardware and open-source codes; and the collected data is released in an open data fashion in real time. The system is highly scalable because it allows people to develop their own devices and contribute to the system freely. 3) Through extensive data analysis, our framework can provide micro-scale air quality information, thereby enabling on-demand responses and influencing government policymaking in the long term.
The remainder of this paper is organized as follows. Section II provides a review of related works that use lowcost sensors for air quality sensing. In Section III, we describe the proposed participatory urban sensing framework in detail and discuss the design of each component. In Section IV, we compare several COTS low-cost particle sensors and analyze the results to identify feasible sensors for this study. In Section V, we introduce four PM2.5 monitoring devices developed in this work; and in Section VI, we describe the data platform (including the data service, data visualization, and data analysis components) that we designed. In Section VII, we present two case studies and discuss our future work. Section VIII contains some concluding remarks.
II. RELATED WORK
Several customized and low-cost sensing systems for airquality monitoring have been proposed for different types of air pollutants; for example, ozone (O3) [15] , [16] , [22] , carbon monoxide (CO) [4] , [16] , [22] , [31] , carbon dioxide (CO 2 ) [12] , [17] , [21] , [31] , [35] , nitrogen dioxide (NO 2 ) [4] , [16] , [22] , [31] , hydrocarbons (HC) [31] , ammonium (NH 4 ) [31] , and sulfur dioxide (SO 2 ) [4] . The above systems include stationary devices for dedicated and long-term air-pollution monitoring [35] , on-vehicle devices for mobile sensing [4] , [16] , [17] , [21] , [31] , and portable devices for participatory sensing [22] . The systems can be categorized into three types according to their application goals: 1) to improve the assessment of daily exposure to air pollutants among individuals [22] , [31] ; 2) to provide information about human presence in the observation area [21] , [35] ; and 3) to facilitate scientific monitoring at a finer granularity [4] , [16] , [17] .
In addition to monitoring gas pollutants, several studies have investigated the use of low-cost particle sensors for particulate matter (PM2.5/PM10) monitoring [5] , [7] , [8] , [10] , [12] , [14] , [27] , [34] , [37] . Budde et al. conducted a comprehensive set of evaluations to compare the accuracy of the Sharp GP2Y1010 1 sensor with a professional device, namely, TSI DustTrak DRX 8533 [8] . They also developed a sophisticated procedure to calibrate the low-cost particle sensor by considering temperature and humidity factors in their calibration model. Recently, Cheng et al. employed the Shinyei PPD42NS 2 sensor and developed a portable PM2.5 monitoring system called AirCloud [10] . The system is comprised of two Internet-connected monitors (AQM and miniAQM) with a customized optimal airflow design. The authors exploited the Artificial Neural Network (ANN) approach in the cloud to produce very accurate PM2.5 measurement results. Gao et al. also used the Shinyei PPD42NS sensor with a customized airflow design to develop the Constructive Airflow-Disturbance method for PM2.5 monitoring [14] . It has been shown that their system, called Mosaic, is accurate for mobile sensing after applying ANN-based calibration models.
A number of studies have demonstrated the potential applications of particulate matter monitoring systems. For instance, Weekly et al. used the measurement results of lowcost particle sensors for indoor occupancy detection [34] . Alvarado et al. used low-cost particle sensors to monitor particulate matters after blasting at open pit mining sites [5] . Moreover, Zhuang et al. included low-cost particle sensors in their personal air quality monitoring device to improve the environmental awareness of individuals [37] . Seto et al. demonstrated that personal-scale dust sensing can be used for asthma prevention and management [27] . Finally, by exploiting these low-cost particle sensors with human mobility, portable air quality systems have shown promise in enabling participatory sensing for finer-grained environmental analysis at different scales [8] , [12] .
III. SYSTEM ARCHITECTURE
The proposed participatory urban sensing (PUS) framework is based on open hardware, open-source software, and open data. Figure 1 shows the system architecture of the proposed framework, which comprises three major components: 1) Data Producers, which are the components that collect environmental measurements. The only criteria for data producers are that they must be made of open hardware and their source codes must be open source.
The reasons are that a) people can create identical data producers themselves; and b) data producers can be examined and verified without any difficulty. 2) Data Brokers, which are ''transit centers'' for all measurement data sent from data producers to data consumers in the system. In a traditional design, multiple data brokers are needed to achieve fault-tolerance, load balance, and scalability. However, in practice, it is only necessary to deploy one data broker on a commercial cloud platform (e.g., Amazon EC2) because a) it has been shown that the cloud platform is fault-tolerant, load balanced, and scalable; and b) the single data broker design simplifies the implementation of data producers because they all send data to the same destination host. 3) Data Consumers, which subscribe to data brokers and create applications based on the measurement data.
In the proposed framework, data consumers can be database archives (e.g., MongoDB), IoT cloud services (e.g., ThingSpeak.com), or data applications (e.g., data visualization and analysis tools). The proposed framework also utilizes the Message Queuing Telemetry Transport (MQTT) protocol [23] for data communication between the three components. Compared to other data exchange protocols, MQTT has the following advantages: 1) it incurs the lowest communication overhead compared to other IoT data exchange protocols; 2) it is simple in terms of design and implementation; 3) it has the flexibility to accommodate messages of different formats and different lengths; and 4) it is open-source, so users can subscribe to the data stream freely. Table 1 compares MQTT with other common data exchange protocols for IoT systems [13] , [32] .
IV. SENSOR VALIDATION
An important consideration when designing a participatory urban sensing (PUS) system is the selection of suitable sensors for the deployment stage. Micro PM sensors have been employed in a number of air quality monitoring projects. However, a systematic and thorough validation of the measurement accuracy of such sensors is not yet available. In Subsection IV-A, we compare a number of micro particulate matter sensors used in existing systems. In Subsection IV-B, we describe laboratory experiments conducted to compare the accuracy of the selected sensor with that of professional instruments. Then, in Subsection IV-C, we explain the field experiments performed to assess the consistency of the selected sensors.
A. SENSOR SELECTION
Several micro particulate matter sensors have been used in air quality sensing [5] , [7] [8] [9] [10] , [12] , [14] , [34] , [37] . They differ slightly in terms of the detectable dust size and the underlying detection technique. Four commercial off-the-shelf (COTS) micro particulate matter sensors are compared in Table 2 .
Sharp GP2Y1010 (Sharp-G) is the most widely used micro sensor used in air quality sensing systems [5] , [7] , [8] , [37] . It is effective in detecting dust whose diameter is less than 100µm (i.e., Total Suspended Particles, TSP). Sharp-G is also widely used in electrical appliances (e.g., air purifiers) because of its high cost-performance ratio.
The Shinyei PPD42NS (PPD) sensor is designed to detect particulate matter that is between 1µm and 2.5µm in diameter. Recent studies [10] , [14] have shown that PPD can determine PM2.5 concentrations with acceptable accuracy by carefully considering the airflow and exploring sophisticated machine learning models.
In contrast to the Sharp-G and PPD sensors, Sharp DN7C3CA006 (Sharp-D) 3 and Plantower PMS3003 (G3) 4 employ a ''virtual impactor'' to separate micro particles of different sizes and measure the light scatter to estimate the concentration of particles. Consequently, both sensors can detect particles whose diameter is less than 10µm (i.e., PM10), less than 2.5µm (i.e., PM2.5), and even less than 1µm (i.e., PM1). The main difference between these two sensors is the light source employed; Sharp-D uses infrared light, while G3 uses laser light.
Based on the above comparison, we utilize the Sharp-D and G3 sensors because 1) they can measure PM2.5 particles directly without post-processing and model-based inference; and 2) a recent study [9] showed that they are accurate and reliable for PM2.5 monitoring.
B. LABORATORY VERIFICATION
Using the professional TSI AM510 instrument as the ground truth, we conducted a laboratory experiment to compare the accuracy of the Sharp-D and G3 sensors in a side-by-side setting. Figure 2 shows the settings for the experiment, which was performed in a private room with open windows and fair air circulation. The experiment lasted for 22 hours (from 22:00 on 2016/01/06 to 20:00 on 2016/01/07) without people moving around. The sampling rate of each device was set at one sample every minute. To further assess the accuracy of the G3 sensor, we conducted an experiment to compare the accuracy of 16 G3 sensors with that of a professional instrument, the GRIMM Model 1.109, as shown in Figure 4 . Because of its accuracy, the GRIMM Model is widely used in air monitoring research. However, it is about ten times more expensive than the Personal Aerosol Monitor TSI AM510. The experiment ran from 18:00 on 1/29/2016 to 09:00 on 2/1/2016 (i.e., 63 hours), and the sampling rate of each device was set at one sample every five minutes. Figure 5 shows the CDF of the accuracy of the 16 G3 sensors compared to that of the GRIMM device when measuring PM1, PM2.5 and PM10 particles. We observe that although the accuracy of the G3 sensors degrades slightly compared to that of the GRIMM Model, 80% of the measurement offset is within 2 µg/m 3 for PM1, 6 µg/m 3 for PM2.5, and 12 µg/m 3 for PM10. Moreover, the coefficient of determination (i.e., R-squared; R 2 ) of the measurements between G3 and GRIMM is as high as 0.9825 for PM1, 0.9843 for PM2.5, and 0.9760 for PM10. Thus, we believe that G3 is an accurate and reliable micro particulate matter sensor for PM2.5 measurement.
C. FIELD VERIFICATION
Based on the results of the laboratory verification phase, we used G3 sensors for the following studies, and conducted a field experiment to evaluate the performance stability of G3 sensors under different PM2.5 levels. The experiment was performed in two locations: one in the downtown area of Taipei city; and the other near the Formosa Plastics Corporation's (FPC) sixth naphtha cracker complex in Yunlin County, which is regarded as the most polluted area in Taiwan. In each location, we deployed nine G3 sensors side-by-side in an outdoor space (as shown in Figure 6 ). Each sensor measured the PM2.5 concentration every minute for a continuous 36-hour period (i.e., from 06:00 on 2/10/2016 to 18:00 on 2/11/2016 in Taipei, and from 00:00 on 2/20/2016 to 12:00 on 2/21/2016 in Yunlin County). Figure 7 shows the experiment results. Each data point represents the coefficient of variation (CV) of the nine G3 sensors in a 5-minute timeslot for a specific PM2.5 concentration level (i.e., the mean of the measurements by the nine sensors). We observe that the data points are scattered into two clusters in accordance with the geographic locations. The results confirm that the PM2.5 concentration in Yunlin County is much higher than that in Taipei. Moreover, the results show that the CV values were less than 0.4 in all test cases, and the values were even smaller (less than 0.2) for higher PM2.5 concentrations. Based on the findings of the field verification experiments, we concluded that the G3 sensor is ideal for micro particulate matter monitoring because of its accuracy and stable performance.
V. DEVICE DEVELOPMENT
Next, we describe the devices developed for participatory urban PM2.5 monitoring in this work. To increase the number of participants in the project, we collaborated with various partners (e.g., government agencies, companies, hackers/manufacturers) to develop PM 2.5 devices in the system development stage. Specifically, we worked closely with the local maker community of the Location Aware Sensing System (LASS), the Taipei City Government, and two domestic industrial partners (namely, Realtek Inc. and Edimax Inc.). Four types of PM2.5 monitoring devices have been released, as shown in Figure 8 . Table 3 summarizes the characteristics of the four devices. The details of each device are as follows.
1) LASS FT
LASS FT (Field Try) is the field version of the PM2.5 monitoring device. This is the first version that we developed with LASS, and it has proved to be accurate and reliable in real-world deployments. Unlike other commercial products, LASS FT is a self-assembly kit prepared for makers who are enthusiastic about technology and enjoy doing things themselves. The LASS FT DIY kit comprises an open hardware development board (MediaTek LinkIt One) and two commercially off-the-shelf (COTS) sensors (DHT22 for temperature/humidity sensing; and G3 for PM2.5/PM10 sensing), as shown in Figure 8 -a.
We prepared a step-by-step installation guide to help makers set up the LASS FT device easily from scratch. The source codes for LASS FT have been released in open-source format and are available freeof-charge on the Internet. In addition, a number of our 3DP models for LASS FT enclosures have been made freely available online, so makers can download the template and print out their own enclosures using their 3D printers. LASS FT provides a highly customizable sensing device that enables participants to build and modify their devices based on their hardware and software.
There are three reasons for preparing all the procedures in advance: 1) to simplify the construction of an Internet-connected PM2.5 monitoring device; 2) to ensure that all the participating devices can use the same hardware without mistakes; and 3) to guarantee all sensing data are sent to our data brokers correctly. LASS FT allows all participants to collectively build a large-scale PM2.5 monitoring system. 
2) Edimax AirBox
Based on the success of the LASS FT application, we worked closely with our industry partners (i.e., Edimax Inc. and Realtek Inc.) to develop an industrial product level device called AirBox for PM2.5 monitoring (as shown in Figure 8-b) . It is based on the Realtek Ameba development board. AirBox contains a HTS221 temperature/humidity sensor and the PMS5003 particulate matter sensor, which is the successor of the G3 sensor from the same manufacturer. The device also has a well designed case that is waterproof and dustproof. Thus, AirBox can be deployed outdoors with the power and wireless connections provided.
Unlike LASS FT, AirBox devices have been donated to the city government by our industry partners, and it is expected they will be deployed in schools and public buildings. As the IT skills of personnel may vary in this deployment scenario, AirBox provides an app to help people configure the device via a friendly user interface on their smartphones.
The expected benefits of AirBox deployment are that it will 1) ensure the distribution density and coverage of PM2.5 monitoring devices in the city because it is deployed in a top-town fashion; 2) guarantee the quality of the measurement results as all the devices are made with identical components from the same source; and 3) provide reliable PM2.5 measurements that facilitate continuous air quality monitoring and other advanced data analysis.
3) LASS4U
LASS4U is the third device developed in the series for PM2.5 monitoring. It is designed to fill the gap not covered by the LASS FT and AirBox devices. Although LASS4U is based on LASS FT, it is more user-friendly because 1) it integrates all default sensors and wiring into a PCB board that can be attached directly to the main board; and 2) it provides a touch panel screen that allows the user to configure the device without accessing the source codes. As a result, LASS4U is an ideal device that can involve more people in this project, and thereby facilitate participatory urban sensing and citizen science for PM2.5 monitoring.
LASS4U differs from LASS FT in the five ways: 1) the platform is Realtek Ameba because it has a higher cost-performance ratio; 2) the temperature and humidity sensor is SHT31 instead of DHT22, which became unreliable after several weeks of outdoor deployment; 3) the Network Time Protocol (NTP) is implemented in the source codes to provide a more accurate timestamp than the GPS timestamp; 4) a new CO 2 sensor is included for indoor air quality measurement; and 5) the long-range wireless IoT protocol, LoRa, is supported in the default system when the LoRa module is attached to the device.
4) MAPS
Micro Air Pollution Sensing System (MAPS) is the fourth device developed by Network Research Lab at Institute of Information Science, Academia Sinica, Taiwan. It is designed for academia and research purposes. Similar to LASS FT with a few upgrades, MAPS is based on the MediaTek LinkIt Smart 7688 Duo development board with BME 280 for temperature/humidity sensor and PMS5003 for PM2.5/PM10 sensor, as shown in Figure 8 -d.
Unlike LASS4U and AirBox, MAPS is more flexible such that sensors and other components can be easily extended and exchanged. Since MAPS are targeted for users who might not be able to assemble LASS FT from scratch, MAPS is pre-assembled with water resistant case. MAPS is offered to any family or organization with respiratory care needs which they can apply for a free MAPS device. The collected data from MAPS is released in an open data fashion in real time and is open to any academia organizations and research groups. This allows researchers to collect data and conduct research on air pollution with any related respiratory disease. The LASS FT, AirBox, LASS4U, and MAPS devices target different user groups with different design considerations. Users can choose the device that meets their needs and preferences. Moreover, the four devices follow the VOLUME 5, 2017 open data principle, which means they can collaborate for PM2.5 monitoring.
VI. DATA PLATFORM
In addition to developing the devices, we designed open data APIs to facilitate more innovations and applications based on PM2.5 measurement data. Below, we introduce the data archive service and open data APIs that we developed in this work (Section VI-A); and then present the data visualization works (Section VI-B). We also consider several advanced data services based on the measurement data collected in this work.
A. DATA ARCHIVE AND OPEN DATA API
We provide a data archive service to store all records contributed by the devices developed in this work (i.e., LASS FT, AirBox, and LASS4U). The service ensures that 1) all observations made based on our deployment are traceable; and 2) more importantly, we can maintain a long-term and sizeable data archive for further data analysis and modeling.
Moreover, other open PM2.5 measurement data from local data sources in Taiwan (i.e., EPA Taiwan, 5 the ProbeCube project, 6 and the Webduino project) 7 can be imported into the data archive to further enrich the data coverage.
In addition, a number of application programing interfaces (APIs) are implemented, and the real-time PM2.5 measurement results are released in JSON data format. The objective of our data archive is to provide a one-stop data service for all current PM2.5 measurement projects in Taiwan, and thereby facilitate innovation and application development. Table 4 summarizes the open data APIs implemented in this work.
B. DATA VISUALIZATION
For data visualization, we provide a user-perceivable visual presentation for collected data. We also created several data visualization web pages based on the above open data APIs. Next, we present some of the visualization results. 5 Real time air quality measurement by Environmental Protection Administration of Taiwan; http://data.gov.tw/node/6074 6 The ProbeCube Project; https://github.com/Lafudoci/ProbeCube 7 The Webduino Project for Air Quality Measurement in Kaohsiung; http://marty5499.github.io/air-schools/index.html 
1) Device Dashboard 8 :
The dashboard page comprises two features, the Sensor Summary and the Measurement History, as shown in Figure 9 . The Sensor Summary shows the latest measurement results of each sensor, the timestamp of the latest measurement, and the location of the device. The location information is derived using the Google Geocoding API [2] to convert the raw GPS coordinates to postal addresses. The detailed street information is omitted due to privacy concerns. In addition, a dial gauge is used to visualize the PM2.5 measurement results. The level of PM2.5 concentration is indicated by the color that corresponds to the warning messages issued by the EPA of Taiwan [3] . Finally, the Measurement History feature shows the history of the PM2.5 measurement data over time. Clicking on the history data curve reveals the detailed results of a specific timestamp. 2) Device Comparison 9 10 :
Two comparison pages are provided: one for comparison of the historical PM2.5 measurement data (i.e., the last 1,000 records) of two different devices (as shown in Figure 10) ; and the other for comparison of the PM2.5 measurement data of the same device on two different days (as shown in Figure 11 ). The pages facilitate comparative analysis; support investigation of the impacts of spatial and temporal factors on PM2.5 measurement results; and stimulate more awareness and discussion of how suspected pollution sources and human activities may result in different PM2.5 measurements.
3) Voronoi Diagram 11 :
The Voronoi diagram page partitions the map into regions based on the Euclidean distance between the PM2.5 monitoring devices, as shown in Figure 12 . Each region contains one PM2.5 monitoring device. A region's color is based on the real-time measurement result of the device in that region and the danger level advised by the EPA of Taiwan [3] . Note that a device corresponds to a region; and in a region, any location 11 The Voronoi diagram page is at https://pm25.lass-net.org/GIS/ GIS/voronoi/ is closer to that region's device than to any devices in adjacent regions. Thus, each device's measurement result is regarded as the most representative PM2.5 concentration in that region (assuming the result is not affected by the wind and terrain). This page provides an intuitive interface to represent the spatial distribution of PM2.5 concentrations in a large area. The Voronoi diagram enables the user to identify potential pollution emission sources by observing continuous sequences and dispersion patterns on the map.
4) Inverse Distance Weighting (IDW) Diagram 12 :
The Inverse Distance Weighting diagram page calculates the weighted average of the values between the PM2.5 monitoring devices, as shown in Figure 13 . It allows use of measured values to interpolate any unmeasured locations assume that the PM2.5 level diffuse from high concertation to low concentration regions which results the value close related to one another than those farther apart. When multiple values are collected from set of points (i.e. PM2.5 monitoring devices), weights are assigned to the inverse of the distance from each known data point to each unknown point. Each pointÕs color is based on the value of the real-time measurement results and IDW results. Color levels of IDW diagram are based the PM2.5 concentration level with purple represents highest concentration and light green represents lowest concentration. The IDW diagram provides a presentation of the spatial diffusion of the PM2.5 concentrations. Similar to Voronoi diagram, the continuous sequences and dispersion patterns can be used to recognize any potential pollution emission sources.
5) Third Party Geographical Information System (GIS):
Using the open data APIs provided in this paper, several data visualization works have been implemented by 3rd parties. Among them, the most representative work is that contributed by g0v.tw, 13 which is an online community in Taiwan dedicated to promoting open government and citizen science. As shown in Figure 14 , the g0v.tw page pinpoints all available data sources of PM2.5 monitoring data on the map and supports two pollution level standards (i.e., the USA NASA standard and the Taiwan EPA standard) to indicate the pollution levels recorded by the monitoring devices on the visualization page. It also provides historical curves as well as hyperlinks to our dashboard pages. By using our open PM2.5 measurement data and open data APIs, the g0v.tw page has rapidly become the most popular portal of real-time air quality monitoring in Taiwan.
C. DATA SERVICES
Using the data archive and open APIs, we also conducted extensive data analysis and developed a number of advanced real-time data services based on the PM2.5 monitoring results. The data services are publicly available to facilitate more innovation and on-demand responses in the future. The data services are as follows.
1) Anomaly Detection API 14 :
The Anomalous Device Detection API identifies anomalous devices based on the PM2.5 monitoring results in the data archive. There are three types of anomalous devices: a) spatially anomalous devices (SADs), which consistently behave differently to their neighbors; b) temporally anomalous devices (TADs)), whose measurement results varied a lot in the previous hour; and c) spatio-temporally anomalous devices (STADs), which are both spatially and temporally anomalous.
SADs are considered untrustworthy and need to be investigated further. Usually, these devices have been deployed incorrectly (i.e., not in an open outdoor environment), or they are deemed as malfunctioning (e.g., out-of-order or polluted). In contrast, TADs are STADs are both efficient in detecting occurrences of air pollution. The difference between the two devices is that TADs are effective in detecting large areas of pollution, while STADs are more useful for identifying local pollution.
The Anomalous Device Detection API does not allow on-demand computation because of its computationally expensive algorithm. However, the algorithm is run periodically at the backend, and the detection results are released by the API to the public in the JSON format and are updated every five minutes.
2) Real-time Emission Detection
Using the Anomalous Device Detection API, the spatio-temporal correlations of the monitoring devices are analyzed by using the time sequence data of TADs and STADs to trace the potential pollutant emission sources. However, this process is still too complicated to be automated, as it has to consider the pollutant dispersion model, wind direction, wind speed, and terrain factors. It also needs citizens to report their observations and verify the tracking results. Although there have been several successful case studies in this area, the process is still in its infancy and its operation is labor-intensive. Work on automating the manual process is ongoing, and we plan to report the results in the near future.
3) Device Ranking
Device ranking is based on a score to indicate the consistency level of a sensing device within its neighboring area and across contiguous time slices. With the results from Anomalous Device Detection, a ranking score for each device based its anomaly ratio is calculated by aggregating the outcomes of Real-time Emission Detection on a daily basis. In general, the higher the ranking score of a device, the more confident on its measurement results. Although a lower ranking score device may not directly related to inaccurate measurement results, however, a further examination on the device and deployment of additional devices can provide insightful information of its neighboring area.
VII. CURRENT STATUS AND FUTURE WORK
Next, we present two case studies for this project (Subsection VII-A). From the data of two cases, we are able to show the relationship between the real-world events and collected data.Then, based on the lessons learned in this study, we discuss some remaining open issues and the direction of our future work (Subsection VII-B).
A. CASE STUDIES
Two case studies are presented in the following.
1) Smog Event 15 In our first case study, we showed the effects of development in eastern part of China with collected dataset. Eastern China smog often caused by coal burning as the primary source of fine particle air pollution that effect not only Taiwan but also China itself (e.g., Shanghai, Nanjing, and Jiangxi). In fact, number of research studies suggested that more than 40% of 15 http://gph.is/2jKCLuM the carbon which made up these high PM2.5 concentration levels in Shanghai. Combining with slow-move air mass, the air pollution is often carried over to Taiwan.
In this case study, data collected from 2017/1/30 between 8:15 AM to 4:55 PM, as shown in Figure 15 . The collected data showed PM2.5 concentration pass though from north to south of Taiwan. Combining with wind direction data from weather stations, PM2.5 concentration data provide inside view of the movement of the pollution. With the collected data, we can also differentiate the sources of the air pollution between locals with those from offshore sources. According to Figure 15 -a, PM2.5 concentration started from north shore of Taiwan. In addition, there is no factory that is big enough to create this large amount of air pollution on north part of Taiwan. This concluded that the pollution sources are possible from China. Furthermore, the data showed the movement (i.e., direction and speed) of the PM2.5 concentration which can be used to backtrack the time and location of the emission sources (e.g., Shanghai, Hangzhou, or Zhenjiang). 2) God Birthday Ritual 16 In the second case study, we showed a direct relationship between a festival event and an increase phenomenon in PM2.5 concentration. In Taiwan, the birthday of first God, Jade Emperor, is on the ninth day of the first lunar month. On this day, religious believers (i.e., Taoist) hold a Jade Emperor ritual (i.e., ''Bai Tian Gong'' literally translated to ''heaven worship'') with number of activities which include 16 http://gph.is/2lUD4SU burning incense and paper money as offerings to Gods. The time for the ceremony usually starts from 11 PM and ends the next day around 1 AM This case study presents the data collected on the time of day for the Jade Emperor ritual from 2017/2/4 -11 PM to 2017/2/5 -2 AM. Figure 16 showed PM2.5 levels went up rapidly in a short period of time due to the festival activities. According to figures, it appeared number of sources (i.e., from Taoist temples to different households) of PM2.5 pollution and then diffused to a large area. In addition, approximately few pollution sources can be identified and the direction of diffusion can be predicted. PM2.5 level reached the highest level at 00:40 and slowly decreased afterward. All the evidences match the ''Bai Tian Gong'' ceremony activities. In the two case studies, we showed it is only possible enough number of PM2.5 sensors deployed to conduct large experiments and analysis meaningful events.
B. REMAINING ISSUES AND FUTURE WORK
The following issues still have to be resolved. 1) Data Quality Assessment and Post-deployment Calibration In contrast to the conventional top-down deployment model, data quality is one of the most critical issues for participatory sensing systems, as there is no control mechanism to accept or refuse a participant's contributions. The issue is even more serious in the proposed system because a) the participating devices may use other low-cost PM2.5 sensors with lower measurement accuracy; b) the devices may be deployed in an unsuitable location (e.g., indoors or close to pollution sources); and c) the devices may become polluted after a period of operation.
It is impossible to perform regular on-site inspection and verification of each participating device. Therefore, we need to design a mechanism to assess the data quality of each device based on its historical data and the correlation to devices nearby. Moreover, it is necessary to develop a calibration algorithm on the data platform without any modifications to the on-site devices. Work on extending the abnormal device detection API for data quality assessment and online calibration is ongoing. We hope to report our results in the near future.
2) Data Privacy and System Security
The proposed system is based on the principles of open hardware and open source software. Raw data received from PM2.5 monitoring devices is released in the form of open data without modification. However, the open architecture may be affected by a number of data privacy and security issues. For instance, as people can access the data easily, malicious users could add fake data without setting up a device. Thus, information leakage and data authentication are two issues that must be resolved.
There are several possible solutions to these issues, but it is necessary to strike a balance between data accuracy and privacy. The origin of open data must be made untraceable by removing the identity and exact geographical location of the information when it is released. Second, the system data quality assessment mechanism must be able to remove malicious contributions and poor quality data. Finally, a lightweight data encryption scheme should be developed to prevent data tampering. Work on incorporating these solutions into the system is ongoing, and we hope to report the results in the near future. 3) On-demand Responses and Government Policymaking
The objective of this work is to increase citizens' awareness of air quality issues and motivate them to work together to improve the environment. To achieve this goal, a number of on-demand response actions must be implemented. For instance, schools should stop outdoor activities to protect students when air pollution is high; cities should limit the number of vehicles to reduce pollutant emissions; and power plants should be shut down to prevent air pollution. Implementation of such controls would not be possible without a broad consensus between governments, communities, and individual citizens. Government policymakers must be involved to ensure that the measures have a long-term impact. We will continue to interact with city governments and communities in our future work.
VIII. CONCLUDING REMARKS
As air pollution continues to impact the quality of urban living, a participatory urban sensing (PUS) framework for PM2.5 monitoring is proposed to support intelligent environmental sensing for smart cities. The framework is based on an open architecture that follows the principles of open hardware, open source software, and open data. To develop a sustainable and accurate urban sensing system, we identified the most reliable low-cost particle sensors for device deployment. Based on the preliminary findings, we developed four devices (LASS FT, AirBox, LASS4U, and MAPS) with different design considerations so that participants can choose the device that meets their needs and preferences. Currently, more than 2,500 devices are participating and contributing PM2.5 measurement results in the project. The proposed framework is an eco-system whose development involved collaboration with members of academia, government agencies, industry partners, and the community from implementation to deployment. Based on the large-scale deployment results, we developed a number of advanced data services for data visualization, abnormal device detection, and tracing the sources of pollution emissions. We also showed that the data service can be utilized for data quality assessment, on-demand responses, and government policymaking. The proposed participatory urban sensing framework for PM2.5 is open, simple, extensible, and highly scalable. We believe it has the potential to be used for large-scale participatory urban sensing for smart cities in the future. 
